Single-cell RNA-sequencing (scRNA-seq) facilitates the unbiased 16 reconstruction of multicellular tissue systems in health and disease. Here, we present a 17 curated scRNA-seq dataset of human muscle samples from 10 adult donors with diverse 18 anatomical locations. We integrated ~22,000 single-cell transcriptomes using Scanorama 19 to account for technical and biological variation and resolved 16 distinct populations of 20 muscle-resident cells using unsupervised clustering of the data compendium. These cell 21 populations included muscle stem/progenitor cells (MuSCs), which bifurcated into 22 discrete "quiescent" and "early-activated" MuSC subpopulations. Differential expression 23 analysis identified transcriptional profiles altered in the activated MuSCs including genes 24 associated with ageing, obesity, diabetes, and impaired muscle regeneration, as well as 25 long non-coding RNAs previously undescribed in human myogenic cells. Further, we 26 modeled ligand-receptor cell-communication interactions and observed enrichment of the 27 TWEAK-FN14 pathway in activated MuSCs, a characteristic signature of muscle wasting 28 diseases. In contrast, the quiescent MuSCs have enhanced expression of the EGFR 29 receptor, a recognized human MuSC marker. This work provides a new technical 30 resource to examine human muscle tissue heterogeneity and identify potential targets in 31 MuSC diversity and dysregulation in disease contexts. 48 2014; Blau, et al., 2015). However, given their varied molecular and functional states, our 49 understanding of MuSCs in adult human muscle tissue remains incompletely defined. In 50 addition, cellular coordination in the regulation of human muscle homeostasis and 51 regeneration remains poorly understood due to the lack of experimentally tractable 52 models with multiple human muscle cell types. Given these challenges we posited that 53 an unbiased single-cell reference atlas of skeletal muscle could provide a useful 54 framework to explore MuSC variability and communication in adult humans. 55 Here, we deeply profiled the transcriptome of thousands of individual MuSCs and 56 muscle-resident cells from diverse adult human muscle samples using single-cell RNA-57 sequencing (scRNA-seq). After integrating these donor datasets to conserve biological 58 information and overcome technical variation, we resolved two subpopulations of MuSCs 59 with distinct gene expression signatures. Using differential gene expression analysis and 60 ligand-receptor interaction modeling, we extend the known repertoire of human MuSC 61 gene expression programs, suggesting new regulatory programs that may be associated 62 with human MuSC activation, as well as features of human muscle aging and disease. 63 64 157
Introduction 33 Skeletal muscles are essential to daily functions such as locomotion, respiration, and 34 metabolism. Upon damage, resident muscle stem cells (MuSCs) repair the tissue in 35 coordination with supporting non-myogenic cell types such as immune cells, fibroblasts, 36 and endothelial cells (Bentzinger et al., 2013) . However, with age and disease, the repair 37 capacity of MuSCs declines, leading to complications such as fibrotic scarring, reduced 38 muscle mass and strength (Blau et al., 2015; Järvinen et al., 2014) , fat accumulation and 39 decreased insulin sensitivity (Addison et al., 2014) , all of which severely affect mobility 40 and quality of life (Larsson et al., 2018) . 41 Human MuSCs are defined by the expression of the paired box family transcription 42 factor PAX7 and can be isolated using various surface marker proteins including β1-43 integrin (CD29), NCAM (CD56), EGFR, and CD82 to varying purities (Pisani et al., 2010; 44 Charville et al., 2015; Alexander et al., 2016; Uezumi et al., 2016; Wang et al., 2019) . 45 With ageing, human MuSCs exhibit a heterogeneous expression of the senescence 46 marker p16 Ink4a and accumulate other cell-intrinsic alterations in myogenic gene 47 expression programs, cell cycle control, and metabolic regulation (Sousa-Victor, et al., 
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Collection and integration of a diverse human scRNA-seq dataset. 76 We used scRNA-seq to collect and annotate a single-cell transcriptomic dataset of 77 diverse adult human muscle samples under homeostatic conditions. The muscle samples 78 were from surgically discarded tissue from n=10 donors (range: 41 to 81 years old) 79 undergoing reconstructive procedures and originating from a wide variety of anatomical 80 sites in otherwise healthy patients (Fig. 1A) . Each sample was ~50 mg after removal of 81 extraneous fat and connective tissue. Muscle samples were enzymatically digested into 82 single-cell suspensions and independently loaded into the 10X Chromium system. All 83 together, we collected over 22,000 human muscle single-cell transcriptomes (2206 ± 84 1961 cells per dataset) into a single data compendium. Using unsupervised clustering, 85 we resolved 16 types of cells of immune, vascular, and stromal origin, as well as two 86 distinct subpopulations of MuSCs and some myofiber myonuclei (Fig. 1B) . 87 Given important differences in anatomical site, donor health history, age, sex, and 88 surgical procedures, the muscle samples were highly heterogeneous in terms of cell-type 89 diversity and underlying gene expression profiles. Comparing the resulting scRNA-seq 90 datasets is therefore a challenge that we addressed using recently developed 91 bioinformatic integration methods (Stuart et al., 2019ab; Hie et al., 2019) . Our goal was 92 to assemble a unified dataset of human muscle tissue that faithfully conserved sources 93 of biological variability such as donor, anatomical location, and cell composition 94 heterogeneity, while accounting for technical biases. We tested four different scRNA-seq 95 data integration methods ( Fig. S1 ) and found that Scanorama (Hie et al., 2019) followed 96 by scaling the output by regressing against the library chemistry technical variable ("10X 97 chemistry") and the number of genes detected per single-cell best satisfied this goal. 98 datasets, we noted remarkable consistency amid cell types across donors (Fig. 1C, 1E) ; 100 owing to the robustness of scRNA-seq technology, the bioinformatic method chosen, and 101 our sample preparation protocol. Differential gene expression analysis between the 16 102 distinct subpopulations identified an extensive set of unique markers that we grouped into 103 4 categories (Fig. 1D) . 104 105 scRNA-seq resolves the cellular diversity of human muscle and novel markers. 106 We annotated and interpretation the consensus cell atlas (Fig. 1B,D) into cell type sub-107 populations as follows. We identify four types of stromal cells starting with adipocytes 108 found to be expressing apolipoprotein D (APOD) (Muffat et al., 2010) , the brown fat tissue 109 adipokine CXCL14 (Cereijo et al., 2018) , GPX3, and GLUL. Among the 3 other 110 subpopulations of fibroblast-like cells, Fibroblasts 1 express high levels of collagen 1 111 (COL1A1), SFRP4, SERPINE1, and CCL2; Fibroblasts 2 express fibronectin (FBN1), the 112 microfibril-associated glycoprotein MFAP5, and CD55 known to be expressed by 113 synoviocytes (Karpus et al., 2015) ; and Fibroblast 3 is mainly characterized by SMOC2, 114 a marker of tendon fibroblasts (Swanson et al., 2019) . 115 We also identify 5 types of vascular cells, including 3 endothelial subpopulations, 116 and a subpopulation of pericytes and smooth muscle cells (SMCs). Pericytes and SMCs 117 express the canonical markers RGS5 and MYH11. Endothelial 1 express E-selectin 118 (SELE), IL6, ICAM1, VCAM1. These genes are upregulated at sites of inflammation to 119 facilitate immune cell recruitment, suggesting this Endothelial 1 cell population may be 120 involved in homeostatic muscle tissue remodeling (Watson et al., 1996; Goncharov et al., 121 2017) . Endothelial 2 cells are distinguished by expressing high levels of claudin-5 122 (CLDN5), ICAM2, and the chemokine CXCL2. Endothelial 3 express high levels of the 123 platelet-recruiting Von Willebrand Factor (VWF) and caveolin-1 (CAV1), a protein known 124 to regulate cholesterol metabolism, atherosclerosis progression, as well as MuSC 125 activation (Fernández-Hernando et al., 2010 , Volonte et al., 2004 . 126 We also noted two types myeloid immune cells. First, tissue-resident and anti-127 inflammatory macrophages which express CD74 and histocompatibility complex HLA 128 proteins. Second, activated macrophages and monocytes that express inflammatory 129 markers such as S100A9 (calgranulin) and LYZ (lysozyme). Moreover, S100A9 transcript abundance levels have been shown to be a feature in ageing and chronic inflammation 131 (Swindell et al., 2013) . We also identified a pool of T/B lymphocytes and NK cells 132 characterized by IL7R and NKG7, respectively, as well as a small subset of HBA1 + 133 erythroblasts. 134 Finally, we identified two subpopulations of MuSCs (henceforth called "MuSC1" 135 and "MuSC2"). MuSC1 highly expressed the canonical myogenic transcription factor 136 PAX7 (Kuang et al., 2006) , as well as chordin-like protein 2 (CHRDL2) and Delta-like non-137 canonical Notch ligand 1 (DLK1). CHRDL2 has been shown been previously shown to be 138 expressed in freshly isolated quiescent human MuSCs (Charville et al., 2015) , though its 139 function is still to be understood. DLK1 is an inhibitor of adipogenesis whose role in 140 muscle has mainly been recognized in the embryo but remains controversial in adult 141 muscle regeneration (Waddell et al., 2010; Andersen et al., 2013; Zhang et al., 2019) . In 142 contrast to MuSC1, MuSC2 expressed lower levels of PAX7 but maintain expression of 143 MYF5 (a marker of activated MuSCs) and APOC1 (Fig. 2B) . Interestingly, the MuSC2 is comprised of an early-activated MuSCs. 195 We performed Ingenuity Pathway Analysis (IPA) to compare biological processes 196 differentially activated between the MuSC1 and MuSC2 populations. The IPA gene group Signaling", associated with protein translation processes, is enriched in MuSC2 (Fig. 2C) . 199 Furthermore, Gene Set Enrichment Analysis (GSEA) also found MuSC1 to be enriched 200 for "myogenesis", "muscle cell differentiation", "hypoxia", and "response to mechanical 201 stimulus" gene sets, consistent with the observation that these cells are both less Ligand-receptor interaction model identifies potential surface markers and cell-215 communication channels in muscle pathologies. 216 Given the distinct expression profiles between the MuSC1 and MuSC2 populations, we 217 sought to identify genes that could facilitate surface antigen-based separation of these 218 two human MuSC populations for prospective isolation strategies. We identified surface 219 receptor genes that were differentially expressed between the MuSC1 and MuSC2 220 populations, using a database of 542 human surface "receptor" genes (Ramilowski et al., 221 2015) (Fig. 3A) . MuSC1 were exhibit elevated expression of EGFR, ITGB1, FGFR4, Syndecans (SDCs) have been identified in mouse to be heterogeneously expressed on shown to form co-receptor complexes with integrin β1 (ITGB1) and FGFR4 upstream of 230 signaling pathways regulating myogenesis (Pawlikowski et al., 2017) . Only SDC4 and 231 SDC3 have yet been identified to mark adult mouse MuSCs (Pisconti et al., 2012) . In 232 comparison, the MuSC2 population has elevated expression of CD44 and 233 TNFRSF12/FN14 as previously noted. The CD44 receptor has been shown to regulate 234 myoblast migration and fusion in mouse, but also mark MuSCs in osteoarthritis patients 235 (Mylona et al., 2006; Scimeca et al., 2015) . 236 Next, we used a ligand-receptor (LR) interaction model and a database of LR pairs 237 (Ramilowski et al., 2015) to map cell signaling communication channels in human muscle 238 and uncover differences between the MuSC1 and MuSC2 populations. The model also 239 identifies interacting ligand(s) and is restricted to receptor genes is differentially 240 expressed by a specific cell type within the consensus human muscle cell atlas (Fig. 1B) . 241 For each LR pair, the model calculates an interaction score from differentially expressed 242 receptors on MuSCs and ligands expressed by other cell types. We identified 73 and 6 243 significant LR interactions for the MuSC1 and MuSC2 populations, respectively (Fig. 3) . 244 Over one third of all interactions in the MuSC1 population involve the EGFR receptor, 245 which has recently been shown to play a critical role in directing MuSC asymmetric 246 division in regenerating muscle (Wang et al., 2019) . A limited number of EGFR ligands 247 have been identified in muscle repair. For example, amphiregulin (AREG) is secreted by 248 Treg cells (Burzyn et al., 2013) . According to our model findings, EGFR may also interact Scanorama performed data integration more successfully than other approaches (Fig.   295   S1) . We describe the muscle tissue cellular heterogeneity and provide a comprehensive 296 analysis of differentially expressed genes for 16 resolved cell subpopulations (Fig. 1) . 298 that may provide unique perspective to human muscle physiology. 299 Most notably, this analysis suggests that human muscle may contain two distinct 300 MuSC subpopulations (Fig. 2) . Given the broad donor age range in this study, these two 301 subpopulations may constitute a healthy and an aged/diseased MuSC pool. We conclude 302 that the "MuSC1" subpopulation to be largely comprised of "quiescent" MuCSs, owning 303 high levels of PAX7, the mitotic inhibitor CDKN1C, and DLK1. Interestingly, DLK1 may 304 be an important regulator for human MuSC maintenance and a marker of healthy tissue 305 given its role in inhibiting adipogenesis (Andersen et al., 2013) . Conversely, we identified 306 in the "MuSC2" population signatures of inflammation and increased fat metabolism 307 (CCL2 and CXCL1), reduced insulin sensitivity (IL32), cell cycle (EIF2 Signaling terms), 308 and muscle wasting (TNFRSF12/FN14), thereby suggesting that these cells may (Fig. 3) . 326 For example, we identify that SDC2 may mark "quiescent" MuSCs while CD44, 327 TNFRSF12, and RPSA "early-activated" MuSCs in ageing and disease contexts. In addition, our model proposed 79 cell-communication signals that may act between 329 MuSCs and other cell types; in particular with fibroblasts, myofibers and immune cells 330 through the EGFR receptor, and with vascular cells through the NOTCH3 receptor. These 331 interactions may be critical regulators of muscle homeostasis and should be further 332 investigated. 333 Our study has some limitations. First, the sample size is small, and donors are very 334 diverse, thus limiting our ability to control for age and sex. We performed differential 335 expression and gene set enrichment analyses within the MuSC1 and MuSC2 populations 336 between the middle-age (43-69 yo) and aged (70-81 you) donors, but found few age-337 cohort specific differences (data not shown). Nevertheless, our dataset still offers a new 338 transcriptomic cell reference atlas and computational data integration approaches as a 339 resource to examine human muscle cell diversity in health, ageing and disease. 340 Future studies should aim at collecting muscle specimens in a more controlled 341 manner, for example using a Bergström needle (Tarnopolsky et al., 2011; Sarver et al., 342 2017) from a unique anatomical site; though this would not be possible for some muscles 343 presented in this study. These biopsies would allow for ageing and disease comparative Single-cell data analysis 378 Sequencing reads were processed with the Cell Ranger version 3.1 (10X Genomics) 379 using the human reference transcriptome GRCh38. The downstream analysis was carried 380 out with R 3.6.1 (2019-07-05). Quality control filtering, data clustering, visualization, and 381 differential gene expression analysis was carried out using Seurat 3.1.0 R package. Each 382 of the 10 datasets was first analyzed and annotated independently before integration with Scanorama (Hie et al., 2019) . Filtering retained cells with >1000 unique molecular 384 identifiers (UMIs), <20% UMIs mapped to mitochondrial genes, and genes expressed in 385 at least 3 cells. Unsupervised shared nearest neighbor (SSN) clustering was performed 386 with a resolution of 0.4 following which clusters were annotated with a common 387 nomenclature of 12 cell type terms (Fig. S1) . Differential expression analysis was 388 achieved using either Seurat's "FindAllMarkers" (Fig. 1D) or "FindMarkers" (Fig. 2A (Subramanian et al., 2005) Burzyn, D., Kuswanto, W., Kolodin, D., Shadrach, J.L., Cerletti, M., Jang, Y., Sefik, E., 476 Tan, T.G., Wagers, A.J., Benoist, C., et al. (2013) . A Special Population of Regulatory T 477 Cells Potentiates Muscle Repair. Cell 155, 1282 Cell 155, -1295 Catalán, V., Gómez-Ambrosi, J., Rodríguez, A., Ramírez, B., Ortega, V.A., Hernández-480 Lizoain, J.L., Baixauli, J., Becerril, S., Rotellar, F., Valentí, V., et al. (2017) . IL-32α-481 induced inflammation constitutes a link between obesity and colon cancer. 482 Oncoimmunology 6, e1328338-e1328338. 483 484 Cereijo, R., Gavaldà-Navarro, A., Cairó, M., Quesada-López, T., Villarroya, J., Morón-485 Ros, S., Sánchez-Infantes, D., Peyrou, M., Iglesias, R., Mampel, T., et al. (2018) . 486 CXCL14, a Brown Adipokine that Mediates Brown-Fat-to-Macrophage Communication in 487 Thermogenic Adaptation. Cell Metabolism 28, 750-763.e6.
This analysis suggests new gene markers for muscle FAPs and vascular endothelial cells
